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Introduction
The failure to reach linear growth potential early in life has been widely recognized as a major impediment to human capital development. There is increasing evidence that growth failure (stunting), often associated with poor nutrition 1 , is correlated, likely in a causal way, with lower educational and labour market attainments (Victora et al. [2010] , , Hoddinott et al. [2008 Hoddinott et al. [ , 2013 , Maluccio et al. [2009] ). Rates of stunting, the general term for a child being short for its age, have been reducing over recent years, but 159 million children around the world are still estimated to be affected, more than half of these living in Asia (de Onis et al. [2015] ).
While a growing body of literature is contributing to our understanding of the consequences of stunting, knowledge is still limited with respect to the key drivers of low height for age. It is generally understood that inadequate diet and diseases are important immediate causes of stunting , Smith and Haddad [2014] , Bozzoli et al. [2009] ) but dealing with the endogeneity of these inputs remains a challenge in the literature (Deaton [2007] ).
In this study we focus on the role of diseases, specifically the role of an improved disease environment in the growth trajectory of children under the age of 5 years. Diseases have been linked to stunting (Checkley et al. [2008] ) but have also shown direct associations with short (Nokes et al. [1992] , Nokes et al. [1998] , Walker et al. [2011] ) and long-term effects on human capital (Almond and Currie [2011] , Bozzoli et al. [2009] ). Understanding the potential of improving the disease environment that children live in is hence of direct policy relevance.
The disease that is identified to be of primary concern is diarrhoea. WHO acknowledges diarrhoea to be the leading cause of child mortality and morbidity in the world, killing an estimated 760,000 children every year [WHO, 2013] . Most of these diarrhoea cases are believed to be due to contamination of the environment. Eighty percent are seen to be linked to unsafe water, inadequate sanitation or insufficient hygiene as estimated in a 2008 report by the WHO [Pruesss-Uestuen et al., 2008] . Effective and affordable interventions that aim to improve the disease environment by tackling access to safe drinking water, adequate sanitation and hygiene behaviour have therefore been an important focus on the developing agenda.
Rigorous evidence on the potential of improvements in water access and quality exists and the complementarities between water and sanitation have been recognized [WHO, 2008 , Duflo et al., 2015b , Pruesss-Uestuen et al., 2008 . The understanding of the role of sanitation itself is however still limited. Recent randomised controlled trials fail to show causal impacts of improvements in sanitation and child health [see for example Clasen et al. [2014] 2 ]. Hypothesised reasons for this are manifold and mostly link to technological, financial and behavioural challenges. Such limited understanding and evidence of effectiveness is particularly problematic for an investment that faces significant challenges, including lack of appropriate technology, local capacity and most importantly, lack of financial resources -and with that is easily discouraged.
We provide evidence on causal links between an improved sanitation environment and child health, proxied by height for age of children using two rounds of primary data collected for learning around a sanitation intervention in Northern India. We follow recent advances in the sanitation literature, concentrating on sanitation coverage and usage as our main variable of interest. A number of studies are currently trying to link rates of toilet ownership or open defecation to diarrhoea or child height for age. Many of these are in initial stages and hence not published at the time of writing, potentially driven by their limited ability to account for endogeneity of this variable of interest.
The main motivation lies in the understanding that individual household sanitation is unlikely to live up to promises in improving health statuses when neighbours are still contaminating the environment, i.e. that externalities are at play. The percentage of households in a community rather than private ownership is hence hypothesised to be the more relevant unit of observation when analysing health impacts.
Using an instrumental variable approach to account for endogeneity of community latrine use, our approach is closest to the currently unpublished work by Geruso and Spears [2014] , which uses the fraction of Muslims in a village as an instrument. Acknowledging themselves the 'important possibility of bias' since 'Muslim concentration is not perfectly uncorrelated with observable characteristics that plausibly impact child health', they find that a decline in 2.6-2.9 infant deaths out of 1,000 can be achieved with a 10% reduction in the fraction of neighbours defecating in the open. Gertler et al. [2014] also use an instrument in estimating the impact of open defecation rates on child health (measured by child height). They exploit random allocation of sanitation intervention in their data set. However, it is unlikely that the interventions impacted child health only through reducing open defecation rates, given that intervention activities included for example hygiene behaviour campaigns. Their suggested impact of a one standard deviation reduction in their constructed open defecation index would lead to an average increase of standard deviation in children's height. Finally, Andres et al. [2014] , use a simple cross-sectional approach, not attempting to account for endogeneity in their variables of interest, finding that 'a 47 percent reduction in diarrhoea prevalence between children living in a household without access to improved sanitation in a village without coverage of improved sanitation and children living in a household with access to improved sanitation in a village with complete coverage'.
Our identification strategy improves on these papers by following the production function literature in identifying unbiased estimates. In this literature, prices are typically acknowledged to affect investment choices without entering the production function directly (Todd and Wolpin [2003] , Puentes et al. [2014] , Attanasio et al. [2015] ). Our data includes prices on raw materials of toilets, which exhibit sufficient geographic variation and explanatory power to serve as a useful instrument. Applying this estimation approach to our data, suggests that a ten percent increase in households using private or community toilets in (semi-) urban slum communities of India increases child height for age z-scores significantly by 0.15 standard deviations. Sub-sample analysis suggests that this effect is primarily driven by female children.
We will describe the estimation approach, as well as the limitations we face, in the next section. We then introduce the data and its context in Section 3, before presenting and discussing our findings in Section 4. Section 5 concludes.
Methodology

A simple economic model for determinants of child health
The principal objective is to understand the relationship between community level sanitation and child health, acknowledging that behavioural responses can induce endogeneity in our variable of interest. Mosley and Chen [1984] suggested a useful framework for us to built on. Their framework, which integrates approaches from demographers and epidemiologists, identifies a set of exogenous and endogenous determinants of child health and survival, acknowledging the role of household and community sanitation in determining child health and survival. Factors identified as exogenous include individual and household characteristics such as maternal education, income and family composition, institutional factors such as community infrastructure, ecological factors, such as rainfall and cultural factors, such as traditions and norms. Factors identified as endogenous are referred to as proximate determinants and include breastfeeding and household sanitation ownership. Combining insights from this framework with those from recent advances in the understanding of human capital production functions is useful in guiding the choice of variables to include in the estimation, in understanding which variables are likely to be endogenous and whether important determinants have been omitted. We extend Currie [2000] economic model of the determinants of child health in such direction. In this unitary household model, parents maximize the following objective function:
In this one-child household i in village v, inhabited by I v households, parents are altruistic and get utility from their children's health status and the bequest, B, they leave to them. Period-specific utility is given by:
where, Q ivt is child health, C ivt is other consumption, L ivt is leisure; and taste for them might differ according to some observed (X ivt ) and unobserved characteristics (u 1iv ) and shocks (ε 1ivt ). On top of this, households get utility from having access to a sanitation facility S ivt . Reasons for this direct benefit of sanitation might include comfort, social-status, security, as well as health considerations of the adults. In the original model by Currie [2000] , the evolution of child health is shaped by parental physical, G ivt , and time investments, V ivt . Their productivity depends on observed (Z ivt ) and unobserved (u 2iv ) characteristics as well as unobserved shocks (ε 2ivt ). We extend the model to include an additional element: namely, what we term, 'environmental sanitation'.
We define this term, our main variable of interest (which we refer to as 'environmental sanitation') as the percentage of one-child households, i, in the village (including i ) that use sanitation infrastructure for defecation, where S i,v,t is an indicator variable = 1 if all members of a randomly selected household in village v use the toilet they own or use a community toilet. The variable is zero otherwise. I v indicates the total number of randomly selected households in village v. This definition is driven by our interest in the role of infrastructure that isolates human waste, faeces, from the environment, i.e. sewage, community toilets and private household toilets. More specifically we are interested in the usage of such facilities 3 , primarily private household sanitation, but also the less common usage of community toilets and neighbours' toilets. The Mosley and Chen [1984] framework defines sanitation ownership as a proximate determinant of child health, acknowledging its importance in providing a hygienic environment as well as the fact that it is likely to be endogenous. For example, endogeneity might stem from households with a child that has a particularly weak immune system possibly being more likely to seek investment in infrastructure that keep the household's imminent environment free from contaminants, contributing to a negative correlation between demand for curative health inputs and good health. This is in contrast to the anticipated positive relationship of improvements in the imminent disease environment and health if such an improvement were randomly allocated to households of equally weak children.
In our definition of disease environment we go beyond the imminent disease environment of the household, acknowledging that toilet ownership and usage provides a direct benefit as well as an external benefit, which is believed to be substantial (Duflo et al. [2015a] ; Gertler et al. [2014] , Geruso and Spears [2014] , Andres et al. [2014] ). Using a toilet reduces own contact with faeces in addition to other private benefits a toilet might provide (time saving, privacy, etc). It further reduces the rate of open defecation, what is believed to be a major cause for parasite infections and diarrhoea, particularly observed in children under five years of age.
It is hence not just one's own toilet usage behaviour that determines health, but also the behaviour of neighbours and community members. As is the case for the individual ownership of sanitation infrastructure and discussed by Mosley-Chen, also this broader definition of sanitation environment is likely to be endogenous. Take for example communities with very high population density and at the same time limited public (health) infrastructure, as often the case in for example slums in developing countries. One can imagine that communities faced with such conditions which are likely to negatively impact health, to be more likely to make their own investments in infrastructure improving the disease environment. We will therefore need to deal with the likely endogeneity of ES v,t .
Including this variable in Currie [2000] 's model of child health, we get a health production function which is a function of sanitation coverage. In other words, one of the relevant determinants of child health is determined at the village level. Depending on f (·), individuals might control or not this input. As a result, the health production function takes the following structure:
The rest of the model follows Currie's structure. Parents get income from working H ivt hours (where available time is normalised to unity), which reduces the amount of time available for leisure as well as investments in the child's health. Physical resources are distributed among savings, child-investments, a one-off sanitation investment T ivt , and consumption. Relative to the standarised prices of other consumption, prices of child investments P G vt and toilet construction P T vt determine the marginal cost of both investments. Notice that once a household builds a toilet, its sanitation environment is assumed to improve permanently in the following period, through the personal ownership as well as the externality effect. This reflects the fact that gains from sanitation might not be immediate. Such resources grow with income Y which can come either from work at a wage w, from capital rent at a rate r, or from other source I ivt . The related equations are:
The model can be solved, and as in the original setup, to yield Frish demand functions. Within these, λ denotes the marginal utility of wealth and M corresponds to a vector of moments of the distribution of future observed and unobserved variables
Here, S −i ivt is a vector which incorporates the sanitation status of all other households in village v, and P vt is a vector of prices (including wage) at the village level for a given period, t. 4
The Frish demand functions are of the following form:
Given these, we can substitute both physical and time inputs into the health production function, Equation 1. If we also substitute for λ ivt using the budget constraint, and assuming that M ivt and A ivt are functions of realizations of current, and past exogenous variables J ivt = {X ivτ , Z ivτ , P vτ , I ivτ , ε 2ivτ , ε 1ivτ , S −i ivτ } t−1 τ =1 and A iv0 , we get:
and iterating over Q results in Equation 2. This reduce form equation of the production function makes it clear that there is a link between sanitation prices and health. Such link arises due to the reduction on the marginal cost of building a toilet, which increases demand for such good.
A reduced form expression for toilet ownership can also be derived: 4 Notice that if household i has an important weight in determining ES vt , S −i ivτ might be a function of {X ivτ , Z ivτ , P ivτ , ε 2ivτ , ε 1ivτ } T τ =t+1 . Given this, household's i best response implies that the demands should include moments for all future variables of all individuals in the village{{X ιvτ , Z ιvτ , P ιvτ , ε 2ιvτ , ε 1ιvτ } T τ =t+1 } Iv ι=1 . Here, for simplicity, we assume that this household has virtually no power in determining everyone else's adoption decision and that S −i iv,t+1 can be forecasted with some village characteristics.
As a result of the above, environmental sanitation at the village level is determined by a full set of present and past states
, which includes village level characteristics, and, importantly for our sub-sequent analysis, the village-specific vector prices.
The model shows us that both the health production function as well as the demand for toilet ownership are influenced by unobserved idiosyncratic persistent and transitory shocks, initial conditions, and by the history of exogenous variables which might only be partially unobserved. Our goal is to identify E[∂Q ivt /∂ES ivt ], and given the presence of confounders, we will identify such marginal effect by exploit village level variation of P vt , which induces exogenous variation on ES vt . Notice that an additional channel is still open: the functional form of U (·) might imply that the demand for physical investments might be directly affected by the price of sanitation, for instance, with a CES specification. Such effects are expected to operate in an opposite direction to ES, as lower prices of raw materials will induce less physical investments, reducing Q. If that is the case, our estimates would be provide a bound of the impact of environmental sanitation. Another issue is if ES and the other inputs are substitutes or complements in the production function, which will imply different allocation of the inputs given the exogenous variation on ES. In the most extreme scenario, all the impact on health would be driven by agents that invest more on their children under the believe that the productivity of such investments is going to increase. Such questions on the functional form are beyond the scope of this paper.
In order to provide an estimate of such impacts, given the limitations of the data, we will impose some restrictions. First, P vt = P vt−1 , as we do not have variation in time of such vector. Second, we will assume that the relationship between environmental sanitation and prices is as good as linear, as well as between child health and environmental sanitation. These strong assumptions restrict the analysis and avoid potentially key elements as non-linearity between ES and Q. Nevertheless, they allow us to get an idea of the strength of the link between both variables.
Estimation specification
Taking this model to the data, our regression specification becomes:
with X c i,v,t representing relevant individual, i.e. child-level, characteristics, include age, gender and whether the child was (or is) breastfed. Household level variables, X hh i,v,t , include the household composition, the education of the main woman in the household 5 , income and shocks experienced; village level characteristics, X v i,v,t , such as information on water and garbage disposal; ε i,v,t are shocks to health in period t.
To address the endogeneity of our main variable of interest, ES v,t , we employ an instrumental variable approach, estimating the following first-stage regression:
Our choices of instrument, Z v,t , follows the production function literature. In this literature, prices are typically acknowledged to affect investment choices as also outlined in the model above, without entering the production function directly (Todd and Wolpin [2003] , Puentes et al. [2014] , Attanasio et al. [2015] ), reflected in equation 2 above. Prices for sanitation raw materials are the key candidate. A common constraint in the use of these prices is limited variability. We benefit from prices that exhibit sufficient geographic variation at the community level to serve as instruments, while at the same time being a significant predictor of sanitation uptake as we will discuss in more detail below in Section 3.1.
In this approach, our parameter of interest, γ, is hence to be interpreted as a local average treatment effect. We are implicitly comparing the average level of child health for communities where dwellers are willing to build toilets but are restricted due to prices to those where the restriction does not apply. Considering the large percentage of households in our study sample that report financial constraints to be the main one to sanitation uptake, we believe that this is a reasonable approach to follow. Figure 1 shows the reported reasons why households do not own a toilet for our study population, which we will describe in more detail in the next section. 
Limitations
We face a number of limitations driven primarily by our sample size and variables available in the data set.
The main constraint we face is that, although we have two rounds of data available, we are not able to use the data in a panel context. The reason for this is twofold: For one, the data collection was not designed to track individual households. Based on names available, we are able to imperfectly match individuals across rounds. However, given numerous ways of spelling names, not all children can be matched. More importantly, given that three years passed between the two survey rounds, many of our children at baseline were older than 5 years at follow-up and their height was hence not measured anymore in this second survey round. Due to this limitation, we are not able to include any child fixed effects in our specification.
Including such a fixed effect is often done to account for genetic endowment (see for example Puentes et al. [2014] ). We are able to proxy for health endowment of the child by controlling for it's mother's height instead. This would primarily proxy for heritable endowment, which is seen as an important, unobserved determinant of child health. Medical papers suggest that 60-80 percent of height variation is determined by genetic factors (Ginsburg et al. [1998] ; Silventoinen [2003] ). Ideally, we would like to also include the height of the child's father. Unfortunately, anthropometrics of male adult household members were not collected. It is however quite common to use only one parent's measure as a proxy for inherited endowment 6 .
Similarly, the fact that we are not able to link children across rounds restrains us from accounting for lagged height of the child, which would serve as a proxy for the full history of past inputs. It is not clear though whether its inclusion would be indeed beneficial given its likely endogeneity. The reason for this lies in parents likely response to health shocks. On the other hand, if our instrument is unrelated to this variable, our estimate is not biased due to its exclusion.
Another factor that is known to be an important determinant of child health is of course nutrition. We have limited information in our data on food items consumed by children in our study households in particular. We are able to construct a diversity index for children older than two years of age, including this however comes with a number of sacrifices. For one, excluding children age 0-2 years from the analysis means excluding those children where the plasticity in growth is seen most important (Victoria et al. [2010] ). Further, not only would our sample size, and with that our power, be considerably reduced, but we are also faced with important non-reporting which seems to be systematically related to household and child characteristics (age and gender of the child, age of the mother, and household size). We are therefore not able to show any meaningful results which include information on child nutrition in our analysis.
Data and context
The context of our study are households residing in slums and peripheral villages of the city Gwalior. Gwalior is a historical and major city in the state of Madhya Pradesh, India, with an estimated slum population of one fourth of its citizens (Aggarwal and Kumar [2008] ). This puts Gwalior above the country average of about 17% of urban households living in slums according to the 2011 slum census. This is an important population to study since on the one hand, they typically live in very crowded conditions, implying more important sanitation externality links (see for example Hathi et al. [2014] ), while at the same time experiencing on average worse access to sanitation than the already low national average. The data we use in this study was collected with the intention of evaluating a sanitation called FINISH intervention implemented by the voluntary organisation Sambhav in Gwalior (Madhya Pradesh). 7 The intervention focused primarily on the uptake of private household sanitation. 8 The evaluation design allocated 39 slums and 17 peripheral villages (henceforth we will refer to them jointly as communities) to be exposed to the sanitation intervention and a control group. However, due to challenges faced by the implementing partner, primarily due to the Indian microfinance crisis, the intervention was on the one hand implemented at a much lower intensity than initially envisioned and on the other hand, the treatment allocation was not adhered to, so that we are not able to benefit from such endogenous variation. Baseline (BL) and follow-up (FU) surveys were nevertheless implemented. The BL survey was conducted between February and April 2010, and the FU survey between March and December 2013. In total, 1,982 households (HHs) were interviewed at BL, covering 11,032 individuals. These households were a representative sample of the community at that time.
For the FU survey 2,020 HHs were interviewed, covering 12,360 individuals. 1,816 of these 2,020 HHs are in both BL and FU, the remaining were included as a replacement sample. The attrition of panel households is hence 8%.
Our observations in this analysis are children that are 5 years or younger at baseline (359 children) and follow-up (605 children), providing us with a sample of 964 children.
As discussed above, we are not able to link the individuals across surveys and are hence not able to look at panel specifications. Table 1 provides information on key characteristics of our sample children. The information under 'BASIC' are characteristics for all children in the communities we analyse in this study. Statistics under 'MAIN' refer to our sample from the regression analysis. We lose children due to some missing characteristics. These can be different variables for different children, which do not appear to be due to any systematic response rates.
As Table 1 further reveals, slightly less than half of the sample children are female (∼48%) and the average child in our sample is 35 months old, and lies below the reference population for both weight for age and height for age. Average weight for age z-scores, our outcome variable, is -1.7 on average in our population, indicating that the average child is stunted with respect to the reference population. If our children were on track with respect to growth given their age, the average expected value would be zero. Female 48.2% 48.4% Weight-for-age z-score -1.7 1.6 -6.0 5.5 -1.7 1.6 -6.0 5.5 Length/height-for-age z-score -1.6 2.2 -6.0 6.0 -1.6 2.2 -6.0 6.0 Weight-for-length/height z-score -1.1 1.7 -5.8 5.9 -1.1 1.7 -5.8 5.9 BMI-for-age z-score -0.9 1.8 -6.0 5.5 -0.9 1.8 -6.0 5.5 We picture the WHO height for age z-score for our sample children in Figure 2 . It shows the z-score by age of the child, with the bars at the bottom providing information on the age distribution in our sample. We can see that the z-score reduces particularly in the first two years of life, after which children seem to catch up slightly again, staying still far from the standard population though. This trend is similar for boys (solid line) and for girls (dotted line). The primary survey data further includes detailed information on the households socioeconomic status which will be important to account for in our analysis as discussed in the section on methodology. We for example include information on the households' size and composition as well as wealth levels (as measured by income) and education levels of the main woman in the household. These are included under the presumption that they are correlated with omitted inputs and will alleviate omitted variables bias. Table 2 provides descriptive statistics of household and community level characteristics. 9
About one fourth of sample households are Muslim, remaining are Hindu and only for a very small percentage is the religion unknown 10 . In terms of the caste, 20-30% of sample households are scheduled tribes or schedule castes and another 5% are other minority backward castes. Almost 20% of households report in the interview that they belong to the forward caste.
Our households of interest consist of on average 6-7 household members of which half are male. The average annual income is around 70,000 Rupees, which is about USD 2,000, implying that these households live on average on USD 3 per day. Putting this number in the context of the household size, it is clear that these households are much below the internationally used poverty line of USD 1.25 per person per day. Not surprisingly then do we find that the total consumption expenditures exceed the household income. Partly this is driven by the fact that consumption expenditures include value of home produced and traded food. Most households do however live in a dwelling of strong or semi-strong structure. This, at least partly, reflects that the slums included in the study are registered slums with primarily strong dwelling structures. On average in the two survey rounds, almost 50% of these households owned a toilet.
As for the main woman of the household, we can see that more than half do not have any education and is on average 30 years of age. They are on average 1,50m tall. Table 3 shows information on the communities in which these households reside. In total, there are 40 communities that enter the regression analysis 11 . Seventy percent of these communities are slums, the remaining peripheral villages. Similarly as at the household level, close to 50% have access to a toilet. The difference with the household level indicator stems from the fact that statistics presented at the household level zoom in on households with children age 0-5 only whereas the village level one is based on a random sample of households within the community. 12
A further important variable we include in our analysis is information on water and garbage disposal services. These are factors that are expected to affect the disease environment and their inclusion as conditioning variables is hence important under the presumption that doing so will alleviate omitted variable bias. We construct an indicator that combines information on whether garbage (kitchen and other) is picked up by trucks or disposed in waste baskets, and whether the community receives water for cooking and drinking from a hand-pump or household service connections. 13
Our main variable of interest is the sanitation environment the study households, and specifically their children, reside in. As discussed in Section 2, we define it as the percentage of households in the village that child i resides in, including its own household, that use a sanitation system for defecation. In the survey, households were asked about the sanitation behaviour of groups of household members (boys, girls, made adults, 11 For three communities no price information is available, implying that we cannot include them in our main analysis. These three communities do not display any systematic differences to those included though. Information is available upon request.
12 Households were randomly selected at the time of the baseline survey. 13 We run regressions with this information included at the disaggregated level as shown in column (7) of Table 6 in the Appendix. The impact coefficient is almost the same, albite slightly noisier. Descriptive statistics on these components are also provided in the Appendix in Table 7. female adults, male elderly and female elderly). Only if all of these groups report to use the toilet is our indicator equal to one for this household. Usage of community toilets (or usage of neighbour's toilet) is very rare in our sample (as in the Indian context more generally). We however include these households since usage of community toilets of course implies less faeces in the environment. Figure 3 shows a breakdown of usage rates by whether households own their own toilet or not, split by whether they reside in a slum or peripheral village and by survey round. It can be seen that usage rates are very high (85 percent or above) for privately owned toilets, with rates being slightly higher in slums. Households living in slums are also more likely to use toilets (community toilet or that of neighbours) when they do not own one themselves. It can be seen that the sample spans communities where no household uses exclusively sanitation systems when relieving themselves at the one extreme (i.e. ES v,t = 0) and at the other extreme communities where in every household every member is reported to use a sanitation system (ES v,t = 1). Within these extremes, a wide array of usage fractions are observed in our sample.
The figure further gives a first graphical indication that higher sanitation usage coverage is associated with lower stunting rates. The relationship is not obviously increasing throughout, but seems to increase especially at lower increases of coverage.
We will explore this further in our analysis below. 
Sanitation raw material prices as instruments
Before discussing our estimation results we need to provide more information on our instrument.
As discussed above, prices are generally acknowledged to affect investment choices without entering the production function directly (Todd and Wolpin [2003] , Puentes et al. [2014] , Attanasio et al. [2015] ) and are hence used, where feasible, to instrument endogenous variables in context of production functions and beyond.
The price data we use was collected shortly after the baseline survey by contacting providers of raw materials for sanitation within the study communities [Gautam, 2015] , in line with the requirements of the Government of India's flagship sanitation program (at the time of data collection it was called the Total Sanitation Campaign, recently revamped as the Swachh Bharat Mission). 14 The average raw material prices for a toilet amount to INR 8.300, ranging from about INR 5,500 to 10,800 (see Table 3 ).
The distribution of prices in relation to sanitation coverage in our communities is displayed in Figure 5 Local linear polynomials with 90% CI 14 More details on the collection is provided in Gautam [2015] .
Estimates presented in Figure 5 are the 'pure' first-stage regression, where we only include an indicator of whether the household lives in a slum or peripheral village as well as a survey round indicator, the predictive power of the raw materials is very strong. The F-stat associated with the instrument is 9.73 as shown in the Appendix Table 8 , column 3. 15 . We will see in our main regression, that the instrument keeps its strength when included in the full regression, accounting for the complete set of covariates discussed above. Analysing in more detail these prices, we find that they correlate with other price information in the village. This is not an unexpected finding. In line, when including index functions of food prices and access to shops (such as fair price shops, pan shop, tailor, etc.) our estimate becomes less precisely estimated but stays otherwise similar. It suggests that part of the variation in our instrument is related to other prices.
This becomes a concern when the raw material price reflects access to other amenities that might affect health and we do not account for. We can see in the map shown in Figure 6 that the lowest raw material prices are primarily observed within the center of Gwalior (the area with a slightly darker shade of gray). To check whether the prices are a reflection of access to amenities, which could impact child health through other channels, we include information on access to amenities (pharmacy, medical shop, health care center, distance to collectorate and availability of transportation services in our regression. Due to data limitations on these indicators, this exercise is only suggestive as our sample reduces significantly (we are now able to only include 27 clusters in our analysis). We can see however that if anything, our impact estimates become larger and more significant and price differences are more likely driven by supply shocks such as transportation costs.
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The other columns of the same table present alternative specifications where we control for other village characteristics summarised in three indexes which might be related to both prices and health. Such indexes where constructed by finding variables associated with raw materials prices, and then summarizing them into individual factors using principal factor analysis ( Table 7 describe such components). An alternative version of the first stage that includes index components rather than the summary variables is presented in Table 6 . Given that the indexes were constructed to explain the variation on toilet prices (see Table 9 ), it is expected that the inclusion of all index at the same time will reduce the association between the instrument and health. 
Results
We now turn to presenting and discussing our main findings as well as some additional checks we conduct.
Our main finding is shown in Table 4 . 16 Column (1) shows the OLS regression, which does not take into account the endogeneity of the sanitation environment we consider in our study. The regression results of this specification suggest that the sanitation usage density is not significantly related to child height for age. Once accounting for the endogeneity though through instrumenting with prices of raw materials, we see in column (2) that the coefficient becomes larger and is now significant at the ten percent level. The fact that the OLS estimate is downward biased can be understood in the context of the example given in Section 2.1, where one can imagine village with worse condition for health, such as very high population density coupled with limited (health) infrastructure to be more likely to make investments in private household sanitation, which improves the wider sanitation and hence disease environment -leading to a negative, or lower, correlation between sanitation environment and health. Sample: Children aged 0 to 5. Controls: 3rd order polynomial on age, gender, mother education, cuartiles of income, HH size, N of HH memebers who are males, any adverse shock last 2 years, slum and wave dummies, and a factor for quality of water and waste deposition. SE clustered at Village level in parenthesis. Significance: * 10%, ** 5%, *** 1%.
The F-stat of the IV regression is 12.89, observably lower than in the 'pure' regression due to accounting for a large set of covariates at the child, household and community level but still strong. Figure 7 shows the marginal effects by age of the child and we can see that the effects are positive and increasing in the approximate age range of six to around 22 months of age. This observation is in line with the idea that a hygienic environment and breastfeeding can serve as substitutes due to antibodies in the milk (Van der Slice, Popkin and Briscoe 1994) . Given that breastfeeding is typically advised to be done exclusively for the first six months of life we would not expect an improvement in sanitation to have as much of an effect. On the other hand, as previously mentioned, most placidity in growth is seen in the first two years of life (Victoria et al. [2010] ), providing hence the largest opportunity for improvements in the sanitation environment to have impacts on child height for age.
The coefficient of 0.017 suggests that a 10% increase in sanitation usage coverage increases child height on average by 0.17 standard deviations of the z-score. To put this number in context, an increase of ten percentage point in sanitation coverage is translated into approximately 0.7 centimetres increase for a four year old child. We show in Figure 8 which translates the estimated impacts into centimetres at all ages. The dashed line ("Homog. joint") are the estimated effects for the full sample, the solid line shows impacts by age, reflecting the importance of the first two years in life.
Figure 8: Translation of estimated effects into centimetres
This compares to the estimated impact of the working paper by Hammer [2013] : Their estimates suggest a program impact of 0.3-0.4 standard deviations, which translates into an increase in toilet ownership of 8.2 percentage points, which they postulate impacts child height by 1.3 centimetres in four year old children. This impact shown in Hammer [2013] has been suggested to be larger than biologically plausible when compared to for example to findings by Richard et al. [2013] . In this study, the authors use data from seven cohort studies to understand the lagged association between diarrhoea and growth in the first two years of life, a period seen as the greatest plasticity in growth trajectory (Victoria et al. [2010] ). They find the cumulative effect on child's length from diarrhoea burden in these first two years of life to be 0.38 centimetres .
When splitting these impacts by gender of the child we find that they are primarily driven by impacts on female children. Table 5 shows these findings. As in Table 4 , the first columns are findings from the OLS regressions, the right panel from the IV ones. We show for each set of estimation approaches first sub-sample regressions for males (columns 1 and 4) and females (columns 2 and 5). Columns 3 and 6 include an interaction of our sanitation environment variable and the gender of the child. Similarly, the instrument is interacted with the information on gender. We find that the impact on boys is insignificant while that for girls is highly significant at one percent and also the instruments exhibit greater power in this specification. 0.84 0.25 Controls: 3rd order polynomial on age, gender, mother education, cuartiles of income, HH size, N of HH memebers who are males, any adverse shock last 2 years, slum and wave dummies, and a factor for quality of water and waste deposition. SE clustered at Village level in parenthesis. Significance: * 10%, ** 5%, *** 1%.
Possible mechanisms of differential gender impacts
It is not immediately obvious why girls should benefit more from an improvement in the sanitation environment they live in. We bring forward two reasons we think might explain this finding. Unfortunately, our data does not allow us to formally test for the relevance of these and are hence only suggestive.
The first possible mechanism that could explain the differential impacts by gender relate to preferential investment. It is known that Indian families have explicit preferences for having sons over daughters [Pande and Astone, 2007] . This male preference translates into differential investment: evidence suggests that "[...] boys receive more childcare time than girls, they are breastfed longer and they get more vitamin supplementation" [Carvalho et al., 2013] . There is further evidence that boys receive more nutrition (Das Gupta [1987] ), more healthcare (Basu [1989] , Ganatra and Hirve [1994] ), are breastfed for longer [Jayachandran and Kuziemko, 2015] , and are more likely to be vaccinated [Borooah, 2004] -all investments that are known to boost the immune system. Breastfeeding for example is shown to provide important inputs for the immune system, which some argue can act as a substitute for sanitation [VanDerslice et al., 1994] .
Such differential investments in important inputs for the immune system could hence lead girls to respond more positively to improvements in the sanitation environment.
As discussed already in Section 2.3, our data is faces strong limitation in terms of what and how well nutritional inputs, including breastfeeding, are measured. With this caveat in mind, our data suggests that the differential investment might not be an important channel behind the gender findings of our analysis. While we see in Figure 9 that breastfeeding stops earlier for girls in our sample than for boys, 17 confirming other studies on boys preferences, this descriptive difference is not significant. We also compared nutritional intake for children aged 2 to 5, but we found no evidence of a systematic gender difference 18 .
The second possible mechanisms behind the differential impacts by gender found in our analysis relates to the possibility of girls being more directly affected than boys by the increase in sanitation usage coverage. Our data shows that if a toilet owned is not used by all household members, it is boys and men who are least likely to use the toilet. This suggests that girls frequent open defecation sites less than boys (possibly since their mums do not go anymore and hence do not take the girls along), and are hence Local Linear estimator, 95% CI. Children aged 1 to 18 months: 242 girls and 246 boys.
exposed to a cleaner environment than boys (despite boys frequenting open defecating areas used by less people no average). Data limitations unfortunately stop us from analysing this possible mechanism in more detail.
Conclusion
We make use of primary data collected as part of an evaluation exercise of a sanitation intervention to investigate the impact of improvements in the sanitation environment, defined as the fraction of households using private or community toilets, on child height for age, an indicator for health.
We do so in the context of slums and peripheral villages in a city in Northern India, Gwalior. This population is an important one to consider for two main reasons: India's slum population is growing rapidly while at the same time having no or only inadequate access to safe sanitation. High population density coupled with improper means of disposing faeces provides a breeding ground for preventable disease epidemics. Providing evidence on improvements in children's health that can be achieved by community-level sanitation improvements is hence of direct policy relevance.
Our results suggest that increases in sanitation usage rates significantly affect children's height. This impact seems to be particularly relevant for girls. We suggest two possible mechanisms behind these impacts. Unfortunately we are only able to provide suggestive evidence for these mechanisms in our study population given data and sample size restrictions. However, independent of the drivers behind this finding, the results suggest that not only is investment in sanitation coverage worthwhile when children's health is one of the objectives, but increasing sanitation coverage seems to be at the same time a policy that implicitly targets girls.
A Appendix
A.1 'Pure' first stage regression The first column is the average of the variable. The second corresponds to the correlation with raw material prices. The last one presents the correlation with the specific index. Significance level: * 10%, ** 5%, *** 1% A.2 Full regression results -main specification 
A.3 Gender differences on nutrition
We can compare the nutritional inputs for children above the age of two years by gender. For these set of children we have information on the types of foods they consumed. 19 For this input we find no significant differences except for food items rich in proteins consumed by the child as part of its meal the day previous to the survey. This is an important food category within the context of this study. Puentes et al. [2014] for example show that "in contexts with substantial child malnourishment increases in protein-rich food intake in the first two years of life can have important effects on growth." However, our data suggests that it is girls that consumed a higher amount of proteins than boys, as shown in Table 12 . This would suggest that differential nutrition investment is not at play in our setting. 20 
